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Airborne remote sensingSince the beginning of the 1960s an escalating deterioration of reed beds in parts of Europe has been often
observed. Hence, the ‘reed die-back’ as it was later named, has been a phenomenon of great scientific interest
and concern to conservationists worldwide and intensively studied by field ecologists. Imaging spectroscopy
has frequently been employed for vegetation mapping, but this paper is the first explicit analysis of the spectral
information content for reed and an assessment of the potential for detecting the areas affected by the reed
die-back syndrome using hyperspectral data at the near infrared and the chlorophyll absorption spectral regions.
Leaf reflectance spectra and photophysiological information were acquired using a Hand-Held ASD
spectroradiometer, a portable fluorometer and a chlorophyll metre in-situ concurrently from leaf samples
along a transect perpendicular to the lake shore of Central Europe's largest inland lake in terms of area, Lake
Balaton in Hungary. A strong correlation between narrowband spectral indices and chlorophyll fluorescence pa-
rameters indicates the potential of hyperspectral remote sensing in assessing plant stability. Canopy
hyperspectral datawere collected from an airborne AISA Eagle sensor (400–1000 nm). An application of thefind-
ings from the field data analysis to airborne hyperspectral imagery reveals important information about reed
condition at the study area. Y(II) values, regarded as a proxy of photosystem activity, have been calculated
from high R2 combination of spectral ratio 612/516 representing Fs and 699/527 representing Fm′. ETR values
are estimated based on the calculatedY(II) and the spectral ratio 463/488 for Photosynthetically Active Radiation.
This research underpins the development of methods for the spectral discrimination of reed patches affected by
stress caused by environmental conditions, and subsequently the reed die-back syndrome. A comparison with
empirical vegetation indices from the literature shows significantly higher R2 values of the proposed indices
for the specific application. We recommend spectral indices at leaf level for evaluating reed ecological status
based on spectroscopic data to support the identification of affected vegetation patches and present R2 maps
that can aid the selection of indices tailored to specifications of remote sensors.
© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/3.0/).1. Introduction
Phragmites australis (Cav.) Trin. ex Steudel (common reed) is one of
the most widespread vascular plants on the Earth, growing in all conti-
nents except Antarctica (Tucker, 1990). It is a tall rhizomatous perennial
grass (Haslam, 1969) typically encountered in wetland environments
and more frequently in land–water interface zones (Tucker, 1990).
Acting as a buffer zone between terrestrial and aquatic ecosystems
(Brix, 1999), it holds an important role as the key species of temperate
wetlands and delivers valuable ecosystem services such as maintainingte, KlebelsbergKunou. 3, Tihany
atoulias).
. This is an open access article underthe shore stability (Engloner, 2009). Since the beginning of the 1960s a
widespread, non-reversible and abnormal retreat of reed areas has been
observed in parts of Europe (Brix, 1999; Van der Putten, 1997). The
phenomenon was first reported 60 years ago from Hürlimann (1951),
cited in Ostendorp (1989) and on Lake Balaton from Tóth et al.
(1961). Since then an increasing scientific interest and environmental
concern has been raised. Typical indicative expressions reported include
reduced plant height, weaker culms, abnormal rhizomes, formation of
clumps (Fogli et al. 2002), gradual thinning, and eventually natural
degeneration and retreat from relatively deep water (Van der Putten,
1997). These factors signifying an abrupt reduced stability are
collectively reported in the literature as the ‘reed die-back syndrome’.
However, contrary to the typical stress manifestation in the leaf struc-
ture of most plants, identification of die-back conditions is notthe CC BY license (http://creativecommons.org/licenses/by/3.0/).
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an early stage, because of the connection of individual shoots by under-
ground rhizomes allowing sharing of nutrients. Thus, while the entire
plant may be in a state of die-back, the leaves do not necessarily show
typical signs of deterioration.
Vegetation photosynthetic systems are very sensitive to environ-
mental induced stress. The first exhibition of leaf stress, precedingmor-
phometric changes, is reduced photosynthetic performance and more
specifically damage the Photosystem-II (PSII) (Maxwell & Johnson,
2000) which is quantitatively correlated to chlorophyll fluorescence
yield. Thus photochemical parameters measured in-situ can provide
an early diagnostic indicator of plants' stress and it is a well-studied
fact that production of plants can be easily and non-intrusively estimat-
ed by chlorophyll fluorescence. Photochemical parameters usually re-
late to the apparent (Fs) and maximum (Fm′) values of fluorescence
yield (Maxwell & Johnson, 2000). Genty et al. (1989) proposed awidely
used formula to estimate changes in quantum yield defined as:
Y IIð Þ ¼ ΔF
Fm0
¼ Fm0−Fs
Fm0
ð1Þ
Y(II) represents the ratio of open to close PSII centres at given irradi-
ance, which is the proportion of energy used between photosynthesis
and other processes, relating directly to plant stress. More specifically
it is a measurement of the transfer of electrons between photosystems
within the process of photosynthesis. Since during photosynthesis 4
electrons must be transported for every assimilated CO2 molecule,
Y(II) represents the potential possible driving force of photosynthesis.
Therefore it relates to net photosynthesis, however in a curvilinear
way because unknown stress factors, light dissipation and others
might influence Y(II) values. Another factor related to production of
photosynthesis is the Electron Transport Rate (ETR) which is defined as
ETR ¼ ΔF
Fm0
 PAR AF  0:50 ð2Þ
where 0.5 accounts for distributing the energy between PSI and PSII and
AF is the absorption factor for the leaves. ETR within the PSII can be
measured by PAM fluorometry and translates directly into production
of photosynthesis, aparameter which provides significantly enhanced
information in comparison to the photosynthetic activity at the given
environmental conditions and time. When measured in a context of a
correct methodological approach, it allows to measure both potential
and apparent photosynthetic activity and photosynthetic efficiency. The
comparison of these parameters could reveal the processes within the
PSII, where the electron transport was decoupled, which sheds light on
the effect of the apparent environmental conditions on the process of
photosynthesis. For a comprehensive explanation of chlorophyll fluores-
cence the reader is referred to Krause andWeis (1991) and Baker (2008).
Remote sensing applications for the mapping of reed condition in
Europe have been reported in the literature but their function so far
has been limited to a tool for assessing the distribution of vegetation
species and sometimes the plant health categorically; however quanti-
fication of reed stress physiological indicators has not been attempted.
For example, Bresciani et al. (2009) used remotely sensed data to moni-
tor reed vigour represented by the Leaf Area Index (LAI) in three environ-
mentally sensitive Italian lakes. Liira et al. (2010) estimated the
macrophytic expansion in a eutrophic Lake based on a Landsat TM
and ETM+time series. Hunter et al. (2010) mapped the distribution
of macrophytes in a clear British shallow lake. Onojeghuo and
Blackburn (2011) demonstrated the synergistic use of hyperspectral
and Light Detection and Ranging (LiDAR) data for mapping reed bed
habitats and Bresciani et al. (2011) estimated the LAI from field and sat-
ellite data in the context of reed conservation. Lately, Zlinszky et al.
(2012) used discrete return LiDAR to categorize aquatic vegetation
and stressed reed in Lake Balaton, Hungary and Villa et al. (2013)presented an approach to monitor reed conservation status of Lake
Garda in Italy with a variety of remotely sensed datasets. Remote sens-
ing inherently has the capacity of species distribution mapping in lake-
shore environments, however, macrophyte physiological status has
not been yet investigated thoroughly froma remote sensingperspective.
Despite the fact that chlorophyll fluorescence is one of the most power-
ful stress detection methods in plant ecophysiology (Maxwell &
Johnson, 2000), coupling with remote sensing has not yet been widely
examined.
Attempts to relate leaf spectral information with several physiologi-
cal and morphological parameters have been widely reported in the
literature, such as with chlorophyll, nitrogen, water or biomass content
and leaf density. While some of these parameters have been proven to
correlate highlywith spectral indices, chlorophyll fluorescence provides
significantly more information on the photosynthetic activity of plants
than the aforementioned parameters.
The coupling betweenphysiological parameters and spectral informa-
tion is often established by building indices in the form of mathematical
formulae integrating spectral bands. These spectral indices are typically
developed on the basis of empirical observations or experimental pro-
cesses as a proxy to vegetation characteristics. For instance, Zarco-
Tejada et al. (2001) propose that the ratio of the reflectance of 750 nm
and 710 nm is a good indicator of chlorophyll content at leaf level.
Gitelson and Merzlyak (1996) suggest that the indices R750/R550 and
R750/R700 are highly proportional (correlation R2 N 0.95) to chlorophyll
concentration in leaves. In a similar manner Vogelmann et al. (1993)
propose R740/R720 as well as the ratio of first derivative values D715/
D705. Stagakis et al. (2010) in a thorough investigation of chlorophyll in-
dices suggest that mNDVI (Sims & Gamon, 2002), PSRI (Merzlyak et al.
1999) and SIPI (Peñuelas et al. 1995) perform well in chlorophyll
estimation. Finally, Thenkabail et al. (2000) present a study on the
relationship between vegetation indices and agricultural crop char-
acteristics where they suggest that remarkably strong relationships
are found in specific narrow bands.
This paper presents the first investigation of the potential of
hyperspectral remote sensing for characterizing the ecophysiological
status of reed in a lake shore environment based on fluorometric in-
situ measurements. Imaging spectroscopy has lately been emerging as
a promising technique for vegetation-related applications and scientific
improvements are needed to sustain the potential for advancement in
this field (Thenkabail et al. 2012). Lake Balaton, Hungary is the largest
(596 km2) and a relatively shallow (mean water depth 3.25 m) fresh-
water lake in Central Europe (Virág, 1997). It encompasses a total area
of ca. 11 km2 of reed stands stretching along 112 km of the 254 km of
the shoreline, with the majority situated on the north shore, part of
which has suffered intense reed die-back from 1970s onwards
(Kovács et al., 1989). In this study we attempt to assess the spectral
signatures of reed samples of different inundation levels from a perpen-
dicular transect at a relatively stable basin of the lake.We used statistical
analysis to quantify the association between chlorophyll fluorescence
kinetics and hyperspectral signatures of reed leaves. We identified
spectral indices correlating significantly to fluorescence yield, and thus
vegetation stability. An application of lake-shore vegetation status as-
sessment based on hyperspectral airborne collected imagery demon-
strates the potential of remote sensing for reed stability quantification.
2. Materials and methods
In-situ and airborne datasets were collected in the Kerekedi bay (46°
58′ 2.84″N, 17° 55′ 4.34″ E), the easternmost mesotrophic basin of Lake
Balaton, Hungary (Fig. 1). The field measurements were collected on
August 14th, 2012 at the climax of the growing period in the area of
study and under clear sky conditions between 11:00 and 13:00 local
time (Central European Time). Fluorescence, chlorophyll and hyper-
spectral measurements were recorded concurrently from the middle
of leaf samples collected along a transect aligned perpendicular to the
Fig. 1. Relative position of Kerekedi Bay (46° 58′ 2.84″ N, 17° 55′ 4.34″ E) in Lake Balaton
and location of sampling points.
74 D. Stratoulias et al. / Remote Sensing of Environment 157 (2015) 72–84lake shore at the north-eastern part of the bay. The sampling area was
divided into four categories according to the level of inundation of the
reed stand, namely terrestrial, shallow water, deep water and water-
front regions. Water level is a factor representing different environ-
ments within the reed bed in our study, and its fluctuation has been
an important aspect as reported in the literature (Paillisson & Marion,
2011). We collected measurements at 23, 55, 27 and 17 points of the
transect respectively for the 4 categories. In the terrestrial part of the
transect sediment was not covered with water, in the shallow part the
sediment was covered with up to 15 cm of water, at the deep part of
the transect the plants were covered with more than 15 cm of water,
while reed at depth of more than 140 cm and up to 5 m distance to
the reed-water boundary was considered as the waterfront category.
The latter is receiving higher environmental pressure from wind, wave
mechanical damage, litter accumulation and manoeuvring from fishing
boats docking between the reed stands.
2.1. Fluorescence and chlorophyll measurements
In-situmeasurements were obtained along the transect at Kerekedi
Bay (Fig. 1). The reed bed was covered by a stand of monospecific
Phragmites, although at the terrestrial part Carex sp. was co-dominant.
The measurements were performed at the middle third of the youngest
fully matured leaves of Phragmites in full sunlight conditions. Leaf
chlorophyll content was estimated by a SPAD-502 chlorophyll metre
(Konica Minolta, Inc., Japan). Light adapted chlorophyll fluorescence
data were acquired on site using a PAM-2500 fluorometer (Heinz
Walz GmbH, Germany). For each sample we measured the apparent
(Fs) and maximum (Fm') values of fluorescence in the light-adapted
state as well as the Photosynthetically Active Radiation (PAR)
(measured in μmol quanta m−2 s−1). Additionally, the effective quan-
tum yield of photochemistry, i.e. the fraction of absorbed photons
used by the photochemical systems (Y(II)) and the ETRwere calculated
on the basis of Eqs. (1) and (2). AF is the absorption factor for the leaves
and in this study has been assumed a constant equal toAF=0.86 for the
following reasons; first, the samples are collected from a single species
of the same age in a monospecific reed stand. Furthermore the agedifference between the leaf samples (of plants of the same age) due to
the apical growth of Phragmites has been minimized by selecting only
the apical first fully mature leaf. Last but not least, chlorophyll content
according to the finding of our statistical analysis (Fig. 3) has a rather
constant distribution across the whole dataset.
2.2. In-situ hyperspectral measurements
Ground-based hyperspectral measurements were recorded concur-
rently using a Hand–Held ASD portable FieldSpec 2 spectroradiometer
(Analytical Spectral Devices Inc., USA). The instrument records radiation
intensity in 750 consecutive channels at the spectral domain 325–
1075 nmwith a resolution of less than 3 nm at 700 nm. Leaf reflectance
values were acquired through a leaf clip attached to the device with an
optical fibre. The source of light was integrated in the leaf clip and the
black reference panel on the opposing side was used to calibrate the in-
strument for the reflectance values. For each leaf sample 10 measure-
ments were taken at 544 ms integration time from the same point and
averaged.
2.3. Airborne hyperspectral measurements
Awide-ranging dataset is available for the whole Lake Balaton shore
comprising of airborne imagery and in-situmeasurements. The former
have been collected in summer 2010 during a European Facility for
Airborne Research (EUFAR) campaign undertaken by the Airborne Re-
search and Survey Facility (ARSF, Gloucester, U.K.). It consists of concur-
rently recorded hyperspectral, LiDAR and aerial photography data
covering the whole lake shore (Zlinszky et al. 2011). The hyperspectral
imagery was collected from an airplane-mounted Specim's AISA dual
system (Spectral Imaging Ltd., Finland) incorporating sensors Eagle
andHawk. In this studywe employ an image fromEagle sensor acquired
over the Kerekedi bay collected on August 26th, 2010 at 15:17 Coordi-
nated Universal Time. The apparent position of the sun at the time of
image acquisition is defined by Altitude = 23.47 and Azimuth =
259.77 as calculated by the NOAA Solar calculator (url: http://www.
esrl.noaa.gov/gmd/grad/solcalc/). The angle between the line of sight
of the sensor and the zenith is 180° since AISA is a nadir looking instru-
ment. The Eagle hyperspectral sensor was able to acquire narrow-band
measurements in the spectral domain 400–1000 nm at 253 consecutive
channels with a full width at half maximum between 2.20 and 2.44.
The image was first pre-processed by applying radiometric calibra-
tion and geometric registration on a 1m grid scale. Atmospheric correc-
tionwas implemented in the ENVImodule FLAASH, based on amodified
version of the MODTRAN4 radiation transfer code. Atmospheric correc-
tion is necessary in this application since there exists the need to
convert the at-sensor radiance values to radiance at-target in order to
allow fitting the results derived from the field data to the airborne
image. We employed the mid-latitude summer atmospheric model
and retrieved the water content from the 820 nm channel. The CO2
mixing ratio was set to 404 ppm. No predefined aerosol model was
used since this requires information from the 2100 nm channel which
is outside the dataset range. The aerosol amount was estimated by the
visibility which was set to 50 km in agreement with the atmospheric
conditions on the day of the acquisition and confirmed by the local
METAR report. Overall the atmospheric correction provided typical
spectral responses for the vegetation in the image. No artefactswere ap-
parent, due to the clear sky conditions at the time of image acquisition
and the lack of open water absorbing bodies around the mesotrophic
Kerekedi bay.
2.4. Methodology
Wefirst investigated the spectral curves of the inundation categories
and estimated to what degree the spectral response differentiates.
The Tukey–Kramer Test (Pairwise Comparisons for One-Way Layout
Fig. 2.Mean reflectance spectra and 95% confidence intervals for themean of Phragmites australis leave samples collected from the terrestrial, shallowwater, deepwater andwaterfront of
reed stand in Kerekedi Bay, Lake Balaton.
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from the fluorometer and the CHL metre for each category. Thereafter,
themethodologywas based on the characterization of the physiological
status of reed from the field spectroradiometer data and subsequently
applying this method to the airborne data. The approach wasFig. 3. Changes of: (a) F, (b) Fm′, (c) ETR, (d) Y(II) and (e) CHL content of leaves of Phragmites a
study site. n = 27–55. The comparison was performed using the Tukey–Kramer Test (Pairwise
all the data for each specific part of the studied area. The central solid line represents themedian,
dots represent outliers.established partly by taking as guidance the study presented by Inoue
et al. (2012) on correlating hyperspectral data with canopy nitrogen con-
tent in paddy rice for diagnostic mapping. The collected hyperspectral in-
situ data were exported using the bundled software ViewSpec Pro 6.0
(Analytical Spectral Devices Inc., USA) and the main processing wasustralis at the terrestrial, shallowwater, deep water and waterfront of the reed bed at the
Comparisons for One-Way Layout Design). Boxes encompass the 25% and 75% quartiles of
while the dashed line represents the average, bars extend to the 95% confidence limits, and
76 D. Stratoulias et al. / Remote Sensing of Environment 157 (2015) 72–84implemented in the R programming language (R Core Team, 2013). In the
rawdata, themarginal ranges 325–400nmand1000–1075nm fromeach
spectrum were removed due to noise effects. While discrimination anal-
ysis can be performed in order to select the optimum bands, in this study
we concentrate on deriving the complete combination of spectral indices
between all channels. The aim of spectral indices is to construct a mathe-
matical combination of spectral band values for enhancing the informa-
tion content in regard to the parameter under study. Many of the
indices found in the literature are formed as a Ratio Spectral Index (RSI)
of one band to another such as:
RSI i; jð Þ ¼ Ri
Rj
ð3Þ
where Ri and Rj are the intensity values for bands i and j respectively. The
Normalised Difference Spectral Index (NDSI) is another transformation
frequently used defined as:
NDSI i; jð Þ ¼ Ri−Rj
Ri þ Rj
: ð4Þ
A vegetation-specific representation of NDSI is the Normalised Dif-
ference Vegetation Index (NDVI) applied on a near-infrared and a red
channel as reported first by Rouse et al. (1974).
RSI and NDSI for the hyperspectral spectra were calculated from
complete combinations of the available bands, as in similar studies
(e.g. Inoue et al., 2012; Stagakis et al., 2010). For each photophysiological
parameter and each environmental category we concluded from visual
evaluation that the relationships are linear and calculated the coefficient
of determination (R2) and the corresponding significance level (p). The
resultswere visualized using rastermaps of the coefficient of determina-
tion in increments of 0.1 and a complementary map of the p value
divided across the critical thresholds 0.050, 0.010 and 0.001. The opti-
mum spectral index representing fluorescence yield is identified based
on the highest R2 between the in-situ hyperspectral and fluorescence
measurements. This index is regarded as a global indexwhichwould suf-
ficiently represent fluorescence yield, and hence photosynthetic activity,
based on narrowband spectral channels.
In the context of evaluating our results, we derived 18 narrowband
empirical indices reported in the literature. We compared the perfor-
mance of the empirical indices with the ones we proposed from our
own hyperspectral analysis by comparing the R2 values.
An application of the index proposed on an airborne collected image
wasfinally attempted in order to investigate thedifferent spatial scale of
application and the possibility to retrieve information on photosynthe-
sis from remotely sensed data.We identified the indices proposed from
the field analyses that can be applicable to airborne imagery. For this
reason we applied a 3 × 3 average filter on the reflectance bands from
the field spectra in order to convert them to the spectral resolution of
the airborne image. We recomputed the results and located the bands
with optimal R2 values. However, the choice of the optimal index for
transferring the methodology to the airborne data depends on the na-
ture of the latter; wavebands at the marginal spectral range of the in-
strument are dismissed since the instrument noise and the water
absorption from the atmosphere above 900 nm result in high levels of
errors even after atmospheric correction. Additionally,many of the indi-
ces calculated from the raw data lie in a very small part of the spectrum,
usually within one or a couple of pixels, and wouldn't be adequate for
the spectral resolution of the airborne image. Furthermore, indices
based on adjacent bands were tested and provided unsatisfactory re-
sults, which can be attributed to the high signal correlation recorded
from the instrument. We selected the optimal index for Fs and Fm′
based on the above criteria and searched for 2 wavelengths with a suf-
ficient difference in the wavelength of more than 20 nm, a wide
waveband more than 10 nm and located outside the regions 300–
4000 and 900–1000 nm. We then used the reflectance RSI with thehighest R2 for Fs and Fm′ from the terrestrial part of the transect to
plot the Y(II) values calculated from the Fs and Fm′ indices according
to Eq. (1) against the in-situ recorded measurements. RMSE and the R2
of the linear regression were taken into account to compare the behav-
iour of the calculated values and the estimated regression from the RSI
index. The best bands identified were isolated and the RSI index with
the highest statistical significance was applied to the airborne
hyperspectral images. The same procedure was carried out for the ETR
parameter based on Eq. (2) and by using the result from the Y(II) calcu-
lations as above and the best RSI for PAR. The leaf scale reflectance pro-
files were used as a representation of reed stability on the measurable
leaf chemical and physiological properties. The main aspect of this ap-
plication was to investigate whether the methodology developed at
the leaf level could be transferred to airborne imagery and to what ex-
tent the result is representative of the real Y(II) and ETR values. For
this task and since no accurate fieldwork at canopy level could present
the values of Y(II) and ETR, the results were visually interpreted bywet-
land ecologists at the Balaton Limnological Institute in Tihany to evalu-
ate the information content in the vegetation index image. The
performance of the index in regard to reed condition in the study area
is further assessed and discussed.
3. Results and discussion
3.1. Spectral and photochemical response of reed leaves in regard to the
inundated environment
The spectral reflectance profiles of Phragmites leavesmeasured from
the transect of terrestrial, shallow, deep water and waterfront sample
locations (Fig. 1) are presented in Fig. 2. We performed a t-test for the
bands at 500 nm and 800 nm which represent the optical and near-
infrared domains. For the terrestrial and deep water datasets the
p value was 1.636e−10 and 2.2e−16 respectively for the two
wavelenghts. Similar results were found for all the four datasets indicat-
ing that the discrepancies between categories are statistically impor-
tant. The leaf reflectance curves of plants growing in terrestrial and
shallowwater conditions only show very small differences in the visible
(b1%) and red-edge (b3%) domains of the spectrum. Their 95% confi-
dence intervals partially overlap, which indicates that they cannot be
distinguished based on the visible part but only in the infrared part of
the spectrum. The reflectance curves from the deep water and the
water's edge locations show differences of up to 5% in the visible and
even N10% in the infrared domain when compared to the terrestrial
and shallow locations. The vegetation spectra for the deep water and
water's edge locations show that their 95% confidence intervals do not
overlap with any of the other spectra. They are hence different and re-
sponsive to the inundation categories defined. The differences of reflec-
tance profiles found for these levels of inundation can be attributed to
the stress condition of the reed patch, the microenvironment in which
the culms grow or even differences in genotype of the species growing
in different environments (Engloner et al. 2010).
It is important to note that the inundation categories define different
ecotypes of the reed bed and hence different reed phenotypic catego-
ries. Tóth and Szabó (2012) suggest that morphology of Phragmites is
influenced by site-specific environmental conditions rather than lake-
scale factors. Some of these conditions are increased anaerobic
bacterioflora due to litter accumulation in the reed stands, lack of
oxygen in the sediment, anaerobic conditions in the sediment of stag-
nant waters, reed clones adapted to survive at deep water (lower
redox). As a result from these local processes in the succession from
the terrestrial to the deepwater parts of the reed bed, different ecotypes
of Phragmites can emerge. Hence the phenotypic variation in such an
ecotone can be large, which is prominent in the spectral responses of
the categories in our experiment.
The photophysiological data show a high degree of similarity
(Fig. 3). The ETRmean values changed throughout the transect between
77D. Stratoulias et al. / Remote Sensing of Environment 157 (2015) 72–84173 and 222 μmol m−2 s−1, although a small, but significant difference
in the terrestrial part of the transect was observed. The chlorophyll con-
tent of the leaves was ca. 45 SPAD units, with a difference between the
deepwater andwaterfront regions.While on the basis ofmorphological
parameters a special supra-individual ordinance was observed in the
transects of the Kerekedi Bay (Tóth & Szabó, 2012) and other experi-
mental setups (Mauchampet al., 2001; Vretare et al. 2001), the different
levels of inundation do not affect the studied photochemical parame-
ters, or thiswas concealed by the variabilitywithin the samples. The rel-
atively high values of the Y(II) and ETR in comparison to earlier studies
(Dulai et al., 2002; Mauchamp & Méthy, 2004; Nguyen et al., 2013;
Velikova& Loreto, 2005) indicated that the studied plantswere in stable
condition. Thewater depth gradient did not affect these studied param-
eters, although the highest values of ETR and Y(II) weremeasured in the
shallow and deep water part of the reed stand suggesting better condi-
tions for Phragmites in these parts of the transect (Fig. 3).
3.2. Complete-combination indices for spectral assessment of
photophysiological parameters
Figs. 4 and 5 present an indicative subset of the results of the RSI
relationshipwith Fs and Fm′ respectively. Graphs of RSI and NDSI corre-
lations are an information source of significance of the wavelengths
correlating to the physiological parameter under study and optimizing
the selection of the effective wavelength and bandwidth according to
Inoue et al. (2008). With the increasing use of imaging spectroscopy,
the need for standardized data processing techniques specifically for
hyperspectral data is important (Plaza et al., 2009). These case-specific
optimization graphs provide ad-hoc information for the entire
hyperspectrum. They are a prime example for analyzing the special
properties of hyperspectral data and can be recommended as a process
coupling ground data and hyperspectral information. Table 2 summa-
rizes the maximum R2 and corresponding p values for all the combina-
tions carried out in the experiment. The maximum R2 values indicate a
high correlation and thus a significant predictive ability when using the
specific index as a proxy for the physiological parameter. Furthermore,
the maps provide information on the effective wavelength bandwidth.
For instance, bands with narrow width are appropriate only for
hyperspectral data, while bands covering a wider spectrum match the
specifications of multispectral instruments.
Reflectancemaximumvalues exhibit differently in regard to individ-
ual photophysiological parameters. Fs and Fm′ correlation is very simi-
lar, which can be attributed to the fact that both Fs and Fm′ representFig. 4. Coefficient of determination (R2) (a) and corresponding p values (b) between apparent fl
water part of the transect in Kerekedi Bay, Lake Balaton. The RSI was calculated using the whoyield which is proportional to intensity of electromagnetic radiation
and thus are directly related to the spectroradiometers' recorded values
at specific wavelengths. On the other hand Y(II) and ETR are calcu-
lated on the basis of the former. The correlation coefficient in this
pair of parameters seems to be close in most cases (Table 2). How-
ever, when measuring Y(II) and ETR the reflectance values diverge.
Radiance values correlate better in the deep water for Fs and Fm′
while Y(II), PAR, ETR and CHL present maximum R2 at the waterfront
part of the transect.
It is important to note the relatively low R2 obtained for the com-
bined dataset from the whole transect. This indicates that the environ-
mental conditions at the given point of the transect affect essentially
the spectral response of Phragmites and the inundation categories
defined mark important differences between reed stands within a
reed bed.
Y(II) is representing the amount of used PSII systems, while ETR
shows the actual activity at the given light intensity. Although ETR
calculation is based on Y(II), we found that ETR and Y(II) appear to
have different effective spectral regions. ETR performs slightly better
than Y(II) in terms of maximum R2. ETR has the highest correlation
R2 = 0.65 at a narrow bandwidth of 3 nm at (493, 478) for both RSI
andNDSI at thewaterfront category and a sufficient correlationwindow
(b0.5 R2 b 0.6) at 600–700 nm. This bandwidth is typical in multispec-
tral sensors and information can be derived from a combination of
bands within this spectral region, which several multispectral sensors
contain. Hence, critical information for the ETR parameter is encoun-
tered at the red domain of the chlorophyll absorption region. Y(II) has
a maximum R2 = 0.62 at (473, 483) for RSI and NDSI.
Comparing the maximum values of R2 for RSI and NDSI we did not
find important differences, however the wavelength combination as
well as the shape of the spectral regions in the respective figures
changed in several cases. For example, the RSI and NDSI for Fs in the
deepwater category are presented in Fig. 7. Both indices sustain similar
highest R2 value (0.76 and 0.75 respectively) at the same combination of
wavelengths (633, 690) which is deemed to be significant, despite the
very narrow width. Concerning wider wavebands, both indices seem
to correlate in a homogeneous spectral area at the wavelengths 530–
670 nm and a second region at 690–720 nm in which RSI correlates
stronger (0.6 b R2 b 0.7) around 700 nm. In the rest of the results in
regard to the category and the photophysiological parameter under
study, minor differences can be located in the distribution of the RSI
and NDSI maps, however they are insignificant. A comparison of the
maximum of the combinations from Table 2 supports the very similaruorescence yield (Fs) and RSI (Ri, Rj) measured on Phragmites australis plants at the deep
le spectrum reflectance combinations of two wavebands at i and j.
Fig. 5.Coefficient of determination (R2) (a) and corresponding p values (b) betweenmaximumfluorescence yield (Fm′) andRSI (Ri, Rj)measured on Phragmites australisplants at the deep
water part of the transect in Kerekedi Bay, Lake Balaton. The RSI was calculated using the whole spectrum reflectance combinations of two wavebands at i and j.
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using the two indices.
3.3. Empirical indices for spectral assessment of
photophysiological parameters
18 frequently used empirical indices derived from our in-situ spec-
tral measurements according to the 4 inundation categories are pre-
sented in Table 3. It is obvious that the best correlations (R2 = 0.71)
were obtained from the basic photophysiological parameters (Fs and
Fm′), while the derived parameters (i.e. ETR and Y(II)) decrease the
number of significant correlations found. For Fs and Fm′ the highest
and more frequent correlation was obtained in the deep water part of
the transect, while the waterfront of the studied transect had smaller
and less frequent correlations. The latter results could be explained by
high homogeneity of the deep water reed stand and the heterogeneity
of the studied Phragmites in the terrestrial (sporadic appearance of the
co-dominant Carex and other ruderal species) and waterfront (plants of
different ages and physical conditions) parts of the stand. The Photo-
chemical Reflectance Index (PRI) = (R531− R570) / (R531 + R570)Table 1
Empirical indices proposed frequently in remote sensing of vegetation.
Index
ARI2 (Anthocyanin Reflectance Index)
CRI1 (Carotenoid Reflectance Index)
CRI2 (Carotenoid Reflectance Index)
EVI (Enhanced Vegetation Index)
mND705 (modified Normalised Difference Index)
mSR705 (modified Simple Ratio Index)
NDVI (Normalised Difference Vegetation Index)
NDVI750 (Red Edge Normalised Difference Vegetation Index)
PRI (Photochemical Reflectance Index)
PSRI (Plant Senescence Reflectance Index)
RGI (Red Green Index)
SGI (Sum Green Index)
SIPI (Structure Insensitive Pigment Index)
SRI (Simple Ratio Index)
VOG1 (Vogelmann)
VOG2 (Vogelmann)
VOG3 (Vogelmann)
WBI (Water Band Index)Gamon et al. (1997) has outperformed the other indices and reached R2
values equal to 0.65 and 0.71 for Fs and Fm′ respectively at the deep
water category.
Contrary to Fs and Fm′ results, for ETR and Y(II) high coefficient cor-
relations are observed in the waterfront category (R2 = 0.57*** and
0.36* respectively) and are represented better by the narrowband
NDVI. We assume that reed standing at the edge of the reed bed is
under higher pressure relative to the inner part of the reed bed, there-
fore diverse physiological states can be encountered and linear correla-
tionwith indices representing photosynthetic activity can be optimized.
A comparison of R2 values between the optimized indices we
derived from the complete combinations (Table 2) and the empirical in-
dices (Table 3), reveals that the R2 values of the proposed narrowband
indices are significantly higher than the best performed empirical indi-
ces. For instance, regarding Fs in the deep water category, the RSI and
NDSI band combinations (690,633) result in R2 = 0.76*** for RSI and
R2 = 0.75*** for NDSI while the best empirical index PRI gives 0.65***.
For Fm′ in the same category, the combination (544, 548) gives R2 =
0.82*** for RSI andNDSIwhile PRI= 0.71***. In thewaterfront category,
R2 = 0.62*** for Y(II) when calculated from RSI and NDSI while fromReference Formula
Gitelson et al. (2001) R800  1R550− 1R700
 
Gitelson et al. (2002) 1R510−
1
R550
Gitelson et al. (2002) 1R510−
1
R700
Huete et al. (2002) 2:5  R782−R675R782þ6R675−7:5R445þ1
Sims and Gamon (2002) R750−R705R750þR705−2R445
Sims and Gamon (2002) R750−R445R705−R445
Tucker (1979) R782−R675R782þR675
Gitelson and Merzlyak (1994) R750−R705R750þR705
Gamon et al. (1997) R531−R570R531þR570
Merzlyak et al. (1999) R680−R500R750
Zarco-Tejada et al. (2005) R690R550
Gamon and Surfus (1999) Mean (R500 to R600)
Peñuelas et al. (1995) R800−R445R800−R680
Jordan (1969) R800R680
Vogelmann et al. (1993) R740R720
Vogelmann et al. (1993) R734−R747R715þR726
Vogelmann et al. (1993) R734−R747R715þR720
Peñuelas et al. (1993) R900R970
Table 2
Spectral band combination andmaximum value of coefficient of determination (R2) for reflectance RSI and NDSI in regard to the photophysiological parameter measured in-situ.
p: * → p b 0.05, ** → p b 0.01, *** → p b 0.001.
Terrestrial Shallow water Deep water Waterfront Combined dataset
Ri, Rj R2 Ri, Rj R2 Ri, Rj R2 Ri, Rj R2 Ri, Rj R2
RSI = Ri / Rj
Fs 541, 549 0.67*** 546, 551 0.58*** 690, 633 0.76*** 871, 861 0.60*** 546, 551 0.47***
Fm′ 544, 549 0.55*** 539, 544 0.57*** 545, 548 0.82*** 904, 906 0.56*** 539, 560 0.47***
Y(II) 803, 818 0.46*** 663, 686 0.38*** 908, 923 0.45*** 473, 483 0.62*** 659, 687 0.24***
PAR 945, 941 0.48*** 892, 889 0.25*** 827, 825 0.48*** 989, 997 0.71*** 917, 922 0.09***
ETR 941, 945 0.52*** 664, 685 0.47*** 556, 564 0.48*** 493, 478 0.65*** 621, 692 0.25***
CHL 802, 800 0.51*** 759, 764 0.57*** 760, 764 0.50*** 889, 924 0.63*** 747, 748 0.14***
NDSI = (Ri − Rj) / (Ri + Rj)
Fs 541, 549 0.67*** 546, 551 0.58*** 633, 690 0.75*** 861, 871 0.60*** 546, 551 0.47***
Fm′ 544, 549 0.55*** 539, 544 0.57*** 545, 548 0.82*** 904, 906 0.56*** 539, 560 0.47***
Y(II) 803, 818 0.46*** 663, 686 0.38*** 908, 923 0.45*** 473, 483 0.62*** 659, 687 0.24***
PAR 941, 945 0.48*** 889, 892 0.25*** 825, 827 0.48*** 989, 997 0.71*** 917, 922 0.09***
ETR 941, 945 0.52*** 664, 685 0.47*** 556, 564 0.48*** 478, 493 0.65*** 621, 692 0.25***
CHL 800, 802 0.51*** 759, 764 0.57*** 760, 764 0.50*** 889, 924 0.63*** 747, 748 0.14***
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and NDSI while for NDVI R2 = 0.57***. The results are in some way an-
ticipated, at least concerning PRI and NDVI; these two empirical indices
are each a specific case of NDSI and the result from their calculation has
been already accounted for in the complete combination bands. Com-
paring the PRI band combination (531, 570) with the optimized one
for Fs in the terrestrial part (541, 549), it is noticeable that these two in-
dices lay in the same 2-dimensional spectral region, and hence the re-
sults are expected to be similar. By testing the complete
combination bands we identified the exact bands which provide op-
timum coefficient correlation for a specific case study. This becomes
obvious in Fig. 6 where we visualize the relationship between all
spectral indices in the form of correlation clusters for the shallow
water part category. Nevertheless, mathematically more complicat-
ed empirical indices such as EVI didn't perform satisfactorily. This
fact in combination with the observation that RSI and NDSI are very
similar in our results as well as in results of similar studies (e.g.
Inoue et al., 2012) can lead to the conclusion that the importanceFig. 6. Hierarchical clustering of correlation relationship between the spectral indices proof constructing a spectral index lies in the band selection and not
the mathematical formulae.
3.4. Estimation of Y(II) and ETR from RSI values
3.4.1. Y(II) estimation
For the maximum values of the correlations found between the
photophysiological parameters Fs and Fm′ and the corresponding RSIs,
the linear regression was calculated on the dataset collected at the
terrestrial part of the transect according to Eq. (1) (Fig. 8 and Table 4).
Based on the values of Fs and Fm′ for each measurement, the Y(II)
was calculated and the linear regression between the latter modelled
Y(II) and the in-situ measurement for Y(II) recorded was investigated
for each category. The R2 of the model predictions was for most cases
considerably lower than the calculated from the RSI. Only the terrestrial
modelling prediction is distinguished by providing a correlation of 0.35
(Fig. 9) while the estimated correlation from the best in-situ RSI was
0.46. The corresponding RMSE was found to be 0.057.posed, the empirical indices tested and the biophysical parameters measured in-situ.
Fig. 7. Coefficient of determination (R2) for RSI (Ri, Rj) (a) and NDSI (Ri, Rj) (b) between Fs measured on Phragmites australis plants at the deepwater part of the transect in Kerekedi Bay,
Lake Balaton. RSI and NDSI were calculated using the whole reflectance spectrum combinations of two wavebands at i and j.
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In a similarmanner we calculated the ETR for the reed on thewater-
front part of the transect on the basis of themaximumRSI values for PAR
and Y(II) (Fig. 10). The predicted R2 valuewas found to be 0.72 (Fig. 11)Table 3
Correlation matrix between the measured photophysiological parameters and empirical indic
indexes are not significant.
Fs Fm′ Y(II) PAR ETR CHL
Terrestrial
ARI2 0.3** 0.33** 0.01 0.03 0.02 0.22*
CRI1 0.07 0.06 0.03 0.02 0.12 0.25*
CRI2 0.12 0.11 0.03 0.01 0.09 0.29**
EVI 0.4** 0.32** 0.08 0.03 0 0.02
mND705 0.25* 0.31** 0 0.02 0.02 0.23*
mSR705 0.26* 0.3** 0.01 0.01 0.02 0.23*
NDVI 0 0 0 0.05 0.12 0.15
NDVI750 0.22* 0.28** 0 0.01 0.01 0.1
PRI 0.62*** 0.45*** 0.22* 0 0.17 0.03
PSRI 0 0.01 0.04 0.15 0.07 0.01
RGI 0.01 0.03 0 0.15 0.17 0.18*
SGI 0.08 0.06 0.01 0 0 0.01
SIPI 0 0 0.04 0.17* 0.1 0.08
SRI 0 0 0.01 0.05 0.14 0.15
VOG1 0.18* 0.25* 0 0.02 0.01 0.14
VOG2 0.14 0.21* 0 0.02 0 0.16
VOG3 0.14 0.22* 0 0.02 0 0.16
WBI 0.13 0.07 0.05 0 0.01 0.01
Deep water
ARI2 0.39*** 0.4*** 0.08 0.01 0.14 0.13
CRI1 0.38*** 0.46*** 0.04 0.01 0.09 0.15*
CRI2 0.43*** 0.5*** 0.05 0.01 0.11 0.16*
EVI 0.01 0.07 0.05 0.04 0.01 0.1
mND705 0.57*** 0.61*** 0.1 0 0.1 0.14
mSR705 0.65*** 0.63*** 0.17* 0 0.17* 0.1
NDVI 0.21* 0.16* 0.16* 0.01 0.12 0
NDVI750 0.56*** 0.58*** 0.13 0 0.11 0.17*
PRI 0.65*** 0.71*** 0.14 0.04 0.27** 0.02
PSRI 0.08 0.14 0 0.2* 0.1 0.01
RGI 0.09 0.12 0 0.04 0.02 0.21*
SGI 0.28** 0.27** 0.08 0 0.09 0
SIPI 0.1 0.13 0.01 0.04 0.05 0.03
SRI 0.21* 0.16* 0.16* 0.01 0.12 0
VOG1 0.56*** 0.58*** 0.12 0.01 0.1 0.21*
VOG2 0.55*** 0.56*** 0.12 0.01 0.09 0.23*
VOG3 0.55*** 0.57*** 0.13 0.01 0.09 0.23*
WBI 0.04 0.02 0.04 0.03 0.01 0.14while the R2 value from the in-situ ETR correlationwith the best RSIwas
0.65. This indicated that the modelled prediction based on Eq. (2) pro-
vides a slightly higher R2 values for ETR. The corresponding RMSE was
49.707. The results for the other parts of the transect (Table 5) indicatees. p: *→ p b 0.05, **→ p b 0.01, ***→ p b 0.001, all the numbers without significance
Fs Fm′ Y(II) PAR ETR CHL
Shallow water
0.18** 0.24*** 0.04 0 0.07 0.03
0.1* 0.06 0.13** 0.03 0.09* 0.01
0.14** 0.11* 0.14** 0.02 0.11* 0.01
0.01 0.02 0 0.01 0.01 0.23***
0.15** 0.21*** 0.02 0 0.02 0.23***
0.16** 0.21*** 0.02 0 0.03 0.19***
0.04 0.07* 0 0.03 0.01 0
0.18** 0.26*** 0.01 0 0.02 0.24***
0.48*** 0.52*** 0.22*** 0 0.26*** 0
0.04 0.03 0.07 0 0.08* 0.03
0 0 0 0.03 0.01 0.2***
0.08* 0.14** 0 0.01 0.01 0.06
0 0 0 0 0 0
0.03 0.07 0 0.04 0.01 0.01
0.17** 0.24*** 0.02 0 0.02 0.31***
0.15** 0.22*** 0.01 0 0.01 0.35***
0.15** 0.22*** 0.01 0 0.01 0.35***
0 0 0 0 0 0
Waterfront
0.02 0 0.03 0.06 0.09 0.31*
0.07 0.03 0.14 0.15 0.24* 0.28*
0.05 0.03 0.1 0.1 0.17 0.36*
0.05 0 0.26* 0.19 0.41** 0.42**
0.01 0 0.11 0.34* 0.35* 0.01
0.01 0 0.08 0.26* 0.27* 0.01
0.17 0.04 0.36* 0.31* 0.57*** 0.1
0.04 0 0.22 0.38** 0.5** 0.04
0.05 0.06 0.03 0.03 0 0.33*
0 0 0.02 0.04 0.04 0.4**
0.19 0.11 0.17 0.03 0.18 0.01
0.01 0 0.07 0.37** 0.31* 0.13
0 0.01 0.02 0.02 0.02 0.44**
0.12 0.03 0.3* 0.27* 0.5** 0.13
0.02 0 0.21 0.36* 0.47** 0.05
0.01 0.01 0.2 0.32* 0.44** 0.06
0.01 0.01 0.2 0.32* 0.43** 0.06
0.01 0.06 0.05 0.02 0.06 0.2
Fig. 8. Linear regression for Fs (a) and Fm′ (b) for the reflectance RSIs with the highest correlations at the terrestrial part of the transect in Kerekedi Bay, Lake Balaton.
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the differences are not significant. In comparison to the prediction of
Y(II), prediction of ETR seems to perform better in terms of the coeffi-
cient of determination values.
The experimental design introduces someunavoidable limitations in
correlation and therefore generally cannot lead to exceptionally high R2
values. The paired dataset is acquired from two different scientific elec-
tronic instruments with different setups, operations and associated
errors. Furthermore, while measurements were made on the same
area of each leaf, the overlap due to the users' operation accuracy is
not certain, as well as the effective surface is not identical in the two in-
struments and neither could be compensated. An additional source of var-
iability is reed vegetation location, as it lies in a land–water ecotone and is
ecologically highly variable while the use of categories adapted assumes
crisp boundaries. Finally Y(II) is a measurement of the efficiency of PSII
photochemistry andETR aproxyof the gross rate of carbonfixation, the lat-
ter is assumed to represent photosynthesis (Maxwell & Johnson, 2000). A
high correlation is found under laboratory conditions between these rela-
tionships, however when measured in the field, Y(II) and CO2 fluxes can
be affected by temperature (Fryer et al. 1998). All the above errors are in-
troduced and propagate throughout the experiment, thus the correlation
coefficient estimated is not as high as in similar studies investigating direct
morphological and physiological aspects (i.e. stem density, dry biomass,
chlorophyll and nitrogen content with laboratory methods), nevertheless
coupling with fluorescence data provides a direct representation of photo-
synthetic activity of the plant.
3.5. Application on airborne hyperspectral data
When the findings from the leaf scale are used for interpretation of
airborne imagery, some confounding factors need first to be considered.
Airborne reflectance measurements are made at a coarser scale and
tend to average over a very large number of leaves, which may include
healthy anddiseased leaves, stems or even leaves fromdifferent species.
Furthermore, shadows caused by the vegetation and orientation of theTable 4
Model predictions for Y(II) from the RSI reflectance dataset.
Equation RMSE
Terrestrial y = 0.443x + 0.231 0.057
Shallow water y = 0.873x + 0.074 0.167
Deep water y = 0.456x + 0.236 0.131
Waterfront y = 1.395x − 0.200 0.180
Combined dataset y = 0.513x + 0.180 0.334leaves are largely affecting the illumination conditions of canopy reflec-
tance. In addition, in sparse vegetative conditions understory vegeta-
tion, ground or water signal can add in to the radiant exitance within
a pixel. This is a limitation of a direct application of the findings from
the field spectroradiometry to canopy level airborne imagery.
The optimal index for the application on the airborne dataset was
defined as the band combination with the highest R2 value from the
filtered 3 × 3 results, a corresponding confident p value, the lowest
RMSE and also covers a sufficiently broad spectrum to contain the re-
mote sensors bandwidth at the specific wavelength. This has been iden-
tified as the band combinations RSI(612, 516) (0.63***) for Fs, (699,
527) (0.51***) for Fm′ and (463, 488) (0.47***) for PARbased on the ter-
restrial category. The Y(II) and ETRmaps resulting from transferring the
field methodology to the airborne imagery are presented in Fig. 11. The
Y(II) calculated on the basis of Fs and Fm′ parameters reveals the
photophysiological homogeneity over the stable reed and is sufficient
for estimation of the Y(II) value based on remotely sensed data. This
becomes obvious by comparing the map with the actual Y(II) measure-
ments in-situ (Fig. 3). The terrestrial and waterfront sides of the stand
have slightly lower Y(II) values, while the reed stands in the middle of
the reed bed contain higher values (Figs. 3 and 12). The calculated
Y(II) values are lower by 15–20% compared to the in-situ actual data,
but insertion of a correction factor could compensate for the final out-
put. In spatially more heterogeneous environments, such as the water-
front and terrestrial edges, the potential photosynthetic capacity is
lower than in the more homogeneous environment in the middle of
the reed bed. This is probably in connection with disturbances that the
plant is encountering at less homogeneous patches. Moreover in these
sites the possibility of appearance of adventive species is significantly
higher, thus different ETR and Y(II) signals could be originated from
the abundance of other species within a single pixel. Furthermore, the
waterfront of the reed stands contains plants of significant age differ-
ences (Tóth & Szabó, 2012)which affects the photophysiological param-
eters too, while the interior of the stands has a more homogeneous age
distribution and thus more reliably measured by remote sensing. Thus,R2 from predicted Y(II) R2 from best RSI for Y(II)— Table 1
0.35 (Fig. 9) 0.46
0.12 0.38
0.05 0.45
0.27 0.62
0.01 0.24
Fig. 9. Linear regressionof themeasured and predicted values for Y(II) of Phragmitesplants
from the terrestrial part of the transect. Predicted values calculated based on the best
correlations found from reflectance RSI for Fs and Fm′ (Fig. 8).
Fig. 11. Linear regression of the measured and predicted values for ETR of Phragmites
plants from the waterfront part of the transect. Predicted values calculated based on the
best correlations found from reflectance RSI for PAR and Y(II) (Fig. 10).
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fully grown plants were usually measured, the airborne data contains
the spectral response from a very diverse pool of Phragmites plants in-
cluding the very strong signal from young shoots. It is worth noting
here that spectra of similar materials are recorded differently from the
ASD and the Eagle sensors due to the fact that airborne remote-
sensing systemsmeasure the amount of radiation reflected by an object
which varies depending upon the sensitivity of the instrument, the
wavelengths sampled, lighting geometry and atmospheric conditions
(Roberts & Herold, 2004) rather than reflectance. Moreover, there is a
2-year time difference between the field and airborne measurements
contributing to the variation. Another source of variation is the Bidirec-
tional Reflectance Distribution Function (BRDF) affecting the airborne
data. Although a compensation for that has not been attempted in the
lack of multi-directional data, this might have introduced variations in
the illumination of the area. Additionally, the spectral resolution of the
airborne instrument was set tomaximum (i.e. b3 nm) during the acqui-
sition of the data, which resulted to suboptimal signal-to-noise ratio.
Consequently, themarginal spectral regionswill be noisy and the indices
proposed from the field analysis that lie in these areas will not be appli-
cable. Especially in regard to estimating biophysical parameters in opti-
cally complex waters, errors associated only to SNR can account as high
as 80% for space borne hyperspectral sensors as demonstrated byMoses
et al. (2012). Furthermore, low radiometric resolutionmeans high corre-
lation between adjacent channels, and application of indices to theFig. 10. Linear regression for PAR (a) and Y(II) (b) for the reflectance RSIs with the highairborne data based on these channels will provide a noisy output.
Hence the selection of the Fs and Fm′was based on the highest correla-
tion among the indices which are not encountered in the regions 400–
450 nm and 900–1000 nm and they have a sufficient spectral difference
of 10 nm.
The map derived from direct correlation between the spectral data
and fluorescence base data (Fs and Fm′) and later calculated into Y(II)
and ETR (Fig. 12) presents an anticipated distribution of reed physiologi-
cal status in Kerekedi Bay. Although the photophysiological measure-
ments did not show spatial differentiation, the airborne derived Y(II)
and ETR data showed significant, site specific differences (Fig. 12). These
differences mostly correlated with the measured data (Fig. 3c and d),
except that the highest parameters (and thus the reed predicted as
most stable) were observed in the waterfront of the studied Phragmites
stand. This significant difference between the measured photo-
physiological parameters and derived Y(II) and ETR could be explained
by methodological differences.
In summary, we propose that the photosynthetic activity can be
estimated from hyperspectral airborne imagery. The images have to
be radiometrically and atmospherically corrected in order to assure con-
sistency between the remotely sensed data and leaf data. This method-
ology has been successfully demonstratedwhen applied tohigh spectral
and spatial resolution airborne imagery. Based on the reflectance spec-
tral indices (612, 516) (0.63***) for Fs, (699, 527) (0.51***) for Fm′ and
(463, 488) (0.47***) and Eqs. (1) and (2) estimation of Y(II) and ETR isest correlations at the waterfront part of the transect in Kerekedi Bay, Lake Balaton.
Table 5
Model predictions for ETR from the RSI reflectance dataset.
Equation RMSE R2 from predicted ETR R2 from best RSI for ETR — Table 1
Terrestrial y = 1.098x − 55.703 66.329 0.48 0.52
Shallow water y = 1.247x − 43.055 58.587 0.38 0.47
Deep water y = 1.024x + 12.544 52.96 0.37 0.48
Waterfront y = 1.184x − 30.651 49.707 0.72 (Fig. 11) 0.65
Combined dataset y = 1.247x − 37.723 134.89 0.17 0.25
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tral indices to the in-situ observations according to the equations in
Table 4, quantitative estimation of Y(II) and ETR is possible. While the
study area comprised mainly of stable reed, reed areas receiving envi-
ronmental pressure appear at marginal values. This methodology
could be used to map the physiological status of reed beds based solely
on hyperspectral imagery.
4. Conclusion
Spectroradiometric leaf reflectance and photophysiological
parameters weremeasured in-situ over reed leaves in different inunda-
tion categories at vegetation peak in a mesotrophic basin of Lake
Balaton, Hungary. No effect of inundation on photophysiological param-
eters across different water levels along a transect vertical to the lake
shore was found, however the spectral response diversifies significant-
ly. A strong correlation between narrowband spectral indices and
chlorophyll fluorescence parameters indicates the potential of in-situ
hyperspectral data in assessing plant stability. We found that for in-
situ hyperspectral leaf measurements, the index (690, 633) provides
the best coefficient correlation (0.76***) for Fs in the stable deep
water part of the transect and (545, 548) (0.82***) for the Fm′. In the
waterfront category, Y(II) correlates better with the band combination
(473, 483) (0.62***) and ETR with (493, 478) (0.65***). While these
indices are spectrally very narrow and can be applied only when the in-
strument has a very high spectral resolution of 1 nm, maps of the coef-
ficient of determination can aid locating indices tailored to other remote
sensing instruments. An application of the findings from the field data
analysis to the airborne hyperspectral imagery on the study area pre-
sents actual estimation of Y(II) and ETR values over the reed bed
under study. The indices identified were Fm′: (699, 527) and Fs: (612,
516) for calculating Y(II) and PAR: (463, 488) for calculating ETR on
the basis of mathematical equations.
This research underpins the development of methods for estimating
photophysiological parameters on Phragmites based solely on imaging
spectroscopy and proposes optimal indices for evaluating reed ecologi-
cal status based on spectroscopic data. Future work will encompass
samples from a reed population comprising of stable and die-back
reed, which will provide die-back specific indicators.Fig. 12. Y(II) (a) and ETR (b) estimation from the hyperspectral airborne dataset over the area o
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